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PREFACE
This manuscript has been formatted in the style of the Journal of Biogeography.
Keywords: Invasive plants, biological control, climate change, North America, species
distribution modeling
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ABSTRACT
Climate change has the potential to alter the size, shape, and location of species’
distributions. As a result, the interactions between species are also likely to be impacted as
novel species encounter each other and historical community assemblages are broken apart.
To quantify the impact of distributional changes as a result of climate change on interacting
species, distribution maps were produced for three species of invasive plant and their
associated biological control agent at three time periods: current, 2050, and 2080. For each
of the future time periods, two distribution maps were created for each species, representing
the minimum and maximum emission scenarios considered. The area of the projected future
distributions for each species was compared to the current distributions. Percent change in
area of distribution was calculated to determine the effect of climate change on the
distributions of individual species. The total area of overlap in the distribution of plants and
their biological controls for each of the time periods and emission scenarios also was
calculated and percent change from the current distribution was used to quantify the effect of
climate change on the species interactions.
The distributions of the invasive plant species do not follow a consistent trend across
models. The distribution of St. Johnswort (Hypericum perforatum Linnaeus, 1753) is
expected to increase by 2050, then decrease to an area smaller than the current distribution by
2080. Leafy spurge (Euphorbia esula Linnaeus, 1753) is predicted to have larger
distributions by 2080 under both emission scenarios, although only the minimum emission
scenario predicts an initial decrease from the current distribution to that expected for 2050.
The distribution of yellow toadflax [Linaria vulgaris (Miller, 1768)] is expected to decrease
under both emission scenarios by 2080.
iii

The distributions of two of the biological control agents (BCAs), Klamath weed
beetle [Chrysolina quadrigemina (Suffrian, 1851)] and toadflax moth [Calophasia lunula
(Hufnagel, 1766)], are expected to increase by 2080. For both future time periods and
emission scenarios, the distribution of leafy spurge hawk moth [Hyles euphorbiae (Linnaeus,
1758)] is expected to decrease from its current area.
The area of overlap between two pairs of species (St. Johnswort and the Klamath
weed beetle; yellow toadflax and the toadflax moth) is predicted to increase over time. This
indicates that the distributions of the invasive species and their associated BCAs will overlap
to a greater extent than currently and the BCAs have the potential to remain viable control
mechanisms. The area of overlap between leafy spurge and the leafy spurge hawk moth is
expected to decrease over time, indicating that the distributions of the species are not likely to
respond similarly to climate change. As a result, the leafy spurge hawk moth might not be a
suitable control mechanism for leafy spurge in the future.
Because of data limitations, the results of this work are applicable to basic
understanding of the systems and species involved. However, similar work has the potential
to lead to a better understanding of the impact of biotic interactions on invasive and
non-native species. In smaller geographic extents, similar research could help prioritize
management of invasion by identifying those species that are expected to have increased
distributions and escape from their BCA as a result of future climate change.
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INTRODUCTION
Climate change and invasive species are currently two of the most pervasive
problems affecting ecosystem function globally (Vitousek et al. 1996; Walther et al.
2002; Thomas et al. 2004). As the mean global temperature continues to rise at an
unprecedented rate (IPCC 2001) and patterns of temperature and precipitation shift,
species must respond to changes in climate and associated habitat or face decreased
distributions and extinction (Thomas et al. 2004). Invasive species are well adapted to
survive the novel habitats and biotic interactions that will be present in the dynamic
landscape created by climate change (Bradley et al. 2010). Specifically, it is expected
that, due to climate change, invasive plants will experience larger distributions and
increased rates of invasion (Dukes & Mooney 1999).
Management practices for invasive plants in North America try to eradicate the
species or reduce their impact by decreasing their density and rate of spread (Myers et al.
2000). One method of invasive plant control used in North America is the introduction of
biological control agents (BCAs). Biological control agents are natural enemies of
invasive plants in their native ranges. When introduced to the invasive range of the
plants, BCAs reduce the population size of the invasive species by damaging
photosynthetic, vascular, and reproductive structures (i.e., defoliating, root boring, and
damaging seed capsules) (Schooler et al. 2004). Selection of BCAs involves many
stages, each of which helps to ensure that the species selected will have little impact on
non-target species within the invaded range (Littlefield & Buckingham 2004; Purcell et
al. 2004). The characteristics that make a species a BCA candidate, such as high host
1

specificity and low dispersal capability, also might decrease its ability to adapt to the
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dynamic landscape created as a result of climate change.
Because the geographic location of a species is determined, in part, by
physiological constraints to abiotic factors (Dunson & Travis 1991), one of the responses
of a species to climate change is distributional change. I focused on describing the
response of species to climate change by producing separate maximum entropy (MaxEnt)
models for the future distributions of three invasive plants and their biological control
agents.
Climate change and species distributions
Over a continental extent, the distribution of a species is constrained by abiotic
factors which occur as gradients across a landscape (Jackson & Overpeck 2000; Pearson
& Dawson 2003). The interaction of these factors, specifically temperature and
precipitation, contribute to the formation of various habitats. Because each species is
unique in the resources it requires to successfully survive and reproduce, this
environmental heterogeneity determines the fundamental geographic extent within which
a species is found (Dunson & Travis 1991). Within these environmental constraints, the
area a species occupies is influenced further by interactions with biotic components of the
environment, which determine the realized geographic extent of a species’ distribution
(Connell 1961). With the recent, rapid change in the Earth’s climate (IPCC 2001), the
location of suitable habitat for many organisms is shifting poleward or higher in elevation
leading to changes in the size, shape and geographic location of species’ distributions
(Parmesan 1996; Parmesan et al. 1999).

Intraspecific interactions are also likely to be affected by climate change

3

(Danielson 1991; Walther et al. 2002). As species distributions shift to new locations,
geographic mismatch between mutualistic, parasitic, or host species might occur
(Schweiger et al. 2008). Altered phenologies are likely to lead to novel interactions
between species as temporal patterns of seasonal reproductive timing and resource
availability change (Visser & Holleman 2001; Walther et al. 2002; Durant et al. 2007).
Changes in habitat and resource availability brought about by climate change also have
the potential to lead to expanded species distributions if the environment changes in favor
of the species (Bradley 2009) or if the abundance of a resource increases leading to the
competitive release of a species (Holway et al. 2002). This expectation is best seen in
species with broad environmental tolerances and high vagility or pagility (Hellmann et al.
2008). In each of these examples, the distribution of a species is not determined solely by
abiotic or biotic factors, but by a combination of both. As species respond to
environmental changes, they are likely to encounter novel biotic interactions, further
altering their distributions. To understand possible effects of climate change on
ecosystem function, both abiotic and biotic factors must be considered (Saetre et al.
1999; Araújo & Luoto 2007; Going et al. 2009).
Invasive plants
Recent studies have established that climate-induced changes to atmospheric
gases and temperature and precipitation gradients are likely to impact the presence of
invasive species, their rate of spread, and their ability to invade new areas (Walther et al.
2002; Hellmann et al. 2008). Because intact communities are better able to suppress
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invasive species, the disturbances created by shifting species distributions might allow for
increased rates of invasive species establishment (Hobbs & Huenneke 1992).
Furthermore, evidence suggests biodiversity loss can decrease invasion resistance of a
community at small spatial extents (Levine 2000). Therefore, as climate change alters
habitat availability, some geographic areas might become more vulnerable to invasions.
Through anthropogenic and natural vectors, species are often transported outside
their native distribution. Of the species that are relocated, only between five and 20
percent will survive transportation to be introduced to the new location and establish
populations (Fig. 1; Williamson & Fitter 1996). Only those species that cause ecological
or economic harm to the ecosystems in their new locations are considered invasive
(Lockwood et al. 2007). Due to the transportation of species for human use, seed
contamination, and natural propagule dispersal, plants are among the taxonomic groups
with the most documented invasive species in North America (Pimentel et al. 2000).
Invasive plants negatively influence native ecosystems by decreasing biodiversity,
changing nutrient cycling, and altering historical disturbance regimes (Gordon 1998).
For example, the shift from native grassland to a monoculture of an invasive plant will
reduce the grazing capacity of a field or alter the faunal community (DiTomaso 2000).
Invasive plants often have adaptations that allow access to soil nutrients earlier in the
growing season than native species and alter nutrient cycling, which can result in a
decrease of native biodiversity (Ehrenfeld 2003). Many species depend on a disturbance
regime (e.g., fire, drought) to maintain populations and invasive plants can alter this by

outcompeting the native plants and changing the disturbance return interval (Smith et al.
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1987; Zavaleta 2000; Brooks et al. 2004).
Survival of a species in the dynamic landscapes created by climate change will
depend on the ability of the species to adapt to the new habitats created by changes in
abiotic factors or dispersal capabilities that allow the species to move with the same
trajectory as its favored habitat (Parmesan & Yohe 2003). Invasive plants, like other
generalist species, usually have large realized extents that encompass a wide range of
abiotic conditions (Lockwood et al. 2007). They typically are superior competitors, often
with adaptations for rapid reproduction, increased dispersal capability, and longer
propagule viability (Rejmanek & Richardson 1996). These characteristics, which allow a
species to become invasive, will probably also allow them to thrive in the dynamic
landscape created by climate change.
The predicted rise in temperature (IPCC 2007) and shift in precipitation regimes
(Trenberth et al. 2003) over the next century will not favor adaptation by species with
long generation times, low dispersal capability, or a high degree of habitat specialization
(Warren et al. 2001). However, some of the environmental factors associated with global
climate change are expected to directly impact the ability of invasive species to spread,
while others will indirectly increase the competitiveness of invasive species. Rising
atmospheric CO2 concentrations are expected to increase the annual productivity and
competitiveness of invasive plants (Dukes & Mooney 1999; Ziska 2003). Higher rates of
nitrogen deposition are expected to increase the growth rates of invasive plants (Dukes &
Mooney 1999). Because invasive plants advantageously spread throughout disturbed

areas, increased habitat fragmentation resulting from human land use will increase the
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distributions of many invasive plant species (Dukes & Mooney 1999).
Some studies have suggested non-native plants could respond unpredictably to the
combination of these factors (i.e., CO2, N2, and precipitation) that will occur in many
geographic locations as a result of climate change (Dukes & Mooney 1999; Hellmann et
al. 2008). Despite the complexity of the relationships, understanding how climate change
and invasive species will act together to alter ecosystems is essential to preserving native
communities and ecosystem function (Gordon 1998). Determining the areas into which
invasive species are likely to spread, and the degree to which current control mechanisms
will be useful in the future, also will contribute to the understanding of the effects of
climate change. This has the potential to inform future management decisions.
Biological Control Agents
Some current invasive plant control techniques, such as mechanical pulling or
chemical control, are practical for managing invasions occurring over relatively small
extents (Berger 1993). However, some invasive plants can withstand chemical herbicides
and invasions occurring over large extents are sometimes poorly controlled with labor
intensive mechanical practices (Sheley & Krueger-Mangold 2003). As the spread of
invasive species is predicted to continue rising, the use of alternative control mechanisms
that can be applied over large spatial extents (i.e., BCAs) might become a more common
practice.
Biological control is applied to invasive species from many taxonomic groups.
The goal of a BCA program is to reduce the density of invasive populations and their
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detrimental effects by introducing a natural enemy of the invasive species (Shelton 2010).
Biological control of invasive plants typically involves an arthropod herbivore selected
from among the species present in the native range of the invasive species (Purcell et al.
2004). Plants that cause economic and ecological harm in their invasive distribution are
usually kept in check in their native distributions by natural enemies. These species have
shared evolutionary histories in their native range and, as a result, selection of a BCA
from the native range of the plants produces the greatest chance for success in controlling
the invasive species (Purcell et al. 2004). Prior to being selected for introduction into the
invasive range of a plant, potential BCA species are evaluated. Selection of a BCA
begins with exploration of the native range of the invasive plant and the identification of
many potential BCAs. Species are considered for use as BCAs if they reduce target plant
population density (Charudattan 2005). Following the identification of potential BCAs,
the host specificity, effectiveness as a control mechanism, and ability to survive in the
invasive range of the plant must be determined for each species (Grevstad 1991; McEvoy
1996; Pearson & Callaway 2003). After a species has been selected for use as a BCA,
additional time is spent analyzing its introduction, establishment, impact on the host
species, and impact on the plant community (McEvoy & Rudd 1993). An additional
benefit of using BCAs is that established populations are self-sustaining, often requiring
little human intervention (Center & Pratt 2004; Coombs 2004). Therefore, if the BCA
did shift with the same trajectory as its invasive plant, it could be an effective
management technique over large temporal and spatial extents.

Biological control for invasive plant management is economically costly and
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ecologically risky and is, therefore, only employed against species which pose a great
threat. Harris (1979) estimated that, on average, a biological control program will take
18 to 23 years to establish and cost between $1.2 and $1.5 million. Although species
selected as biological control agents are reviewed carefully and tested prior to release,
they still pose a risk of ecological harm to native species (Simberloff & Stiling 1996;
Pemberton 2000). One of the greatest risks of biological control comes from the
presence of native plant species near the introduction site that provide resources similar
to those of the intended host species. For example, the seed head weevil (Rhinocyllus
conicus Frölich, 1792) was introduced in 1969 to North America to control the spread of
Carduus Linnaeus thistles. Because little host specificity testing was done prior to the
release of the seed head weevil, native thistles in the genus Cirsium Miller were also
attacked, reducing populations (Turner et al. 1987). Despite concern over the practice,
biological control, with proper management and species testing, can be very beneficial
and allow native plant communities to reestablish. St. Johnswort (Hypericum perforatum
Linnaeus, 1753) was originally introduced to North America prior to the 1900’s because
of its medicinal uses, but it rapidly spread reducing native biodiversity (Tisdale 1976).
The Klamath weed beetle was one of the BCAs introduced in 1946 to the populations of
St. Johnswort, and has been considered an efficient control mechanism since that time
(Shelton 2010).
It is impossible to anticipate every ecological and evolutionary change that will
occur in an ecosystem. Therefore, predicting the long-term effect of an introduced BCA
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is a difficult but important task. The characteristics that make a species a successful BCA
are typical of specialist species. These characteristics include existing under a more
constrained set of abiotic conditions than their target species, having a smaller
distribution, and being dependent on other specific species to fulfill a niche requirement
(Brown 1995). For BCAs to survive a distributional shift, they might require dispersal to
a new geographic area and a similar spatial and temporal movement by the invasive
plants on which they depend (Schweiger et al. 2008).
The initial introduction and establishment of BCAs into an ecosystem is
controlled and monitored by those managing the systems (Shea & Possingham 2000).
However, the interactions that occur between the host species and the BCA cannot be
predicted, especially as climate change alters the ecosystems and produces dynamic
landscapes (Harrington et al. 2000). Species distribution modeling can be used as a tool
for predicting the potential changes in the distributions of invasive plants and their
associated BCAs.
Identifying the fundamental geographic extent of the area the BCAs could occur
within currently and under future emission scenarios will help to understand the areas
that might have an increased risk of invasion as a result of release from their BCA.
Furthermore, understanding the areas in which the BCA is likely to be without its current
plant host under the future emission scenarios will contribute to determining the areas in
which the BCA might have novel ecological interactions with the potential to negatively
impact the ecosystem.

Use and assumptions of species distribution modeling
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Species distribution modeling is one method by which predictions can be made
about processes occurring over spatial or temporal extents that cannot be directly
measured. Additionally, modeling allows for the abstract representation of the response
of species to a phenomenon or process (Turner et al. 2001). These tools are especially
useful when the direct manipulation of the system or species could have detrimental
effects on the surrounding ecosystem (i.e., invasive plants). Many species already have
experienced distributional shifts as a result of climate change, and many more are
expected to follow in the future (Thomas et al. 2004). Therefore, species distribution
modeling techniques have become increasingly important tools for predicting the possible
effects of invasive species and climate change on ecosystems.
The application of species distribution modeling has increased over the last two
decades, and these techniques are now more widely applicable to a greater number of
fields than was possible previously (Guisan & Thuiller 2005). Despite technological
advances, there are still issues with the ecological application and interpretation of
species distribution modeling. Species distribution modeling makes two major
assumptions; the distribution of the species for which the model is built must be at
equilibrium and the niche of the species will be conserved through time and space
(Guisan & Thuiller 2005).
Non-native species inherently violate the assumptions of species distribution
modeling. The assumption of equilibrium addresses the level to which the species has
filled its fundamental geographic extent while being absent from those areas that are not
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suitable (Peterson et al. 2011). Although the spread of non-native species is often tracked
carefully from the time they are introduced, it is difficult to determine how far the
populations would continue expanding in the absence of external factors acting to control
their spread (Hastings et al. 2005). More-recent invasions are likely to be spreading. The
distribution of those species introduced hundreds of years ago also could be increasing,
especially under the dynamic conditions created by climate change (Walther et al. 2002).
Because invasive species outcompete many native species, their populations might not be
at equilibrium until they reach an abiotic factor that physiologically constrains this
spread.
Conservation of species’ niches is difficult to predict for non-native species. The
areas into which they have been introduced and the areas they are predicted to shift into
as a result of climate change are likely to contain novel biotic and abiotic components
(Keane & Crawley 2002). Understanding interactions between the non-native species
and the environmental, habitat, or climatic factors present in its native range can be used
to understand the potential interactions in the introduced range. However, assuming
niche conservatism of a species being introduced into a novel environment might not lead
to accurate species distribution models (Dormann 2007).
The application of species distribution modeling to species with dynamic range
boundaries has been criticized for the violation of these assumptions (Araújo & Pearson
2005; Dormann 2007). Alternative methods of pattern based modeling for predicting the
future distribution of species with shifting boundaries rely on ecological understanding of
the species or system being modeled (Kearney & Porter 2009). These approaches assume
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that the relationships between a species and certain habitat components will remain stable
through space and time and will contribute to determining the species’ distribution
following shifts in habitat or resource availability (Araújo & Pearson 2005). Although
these techniques are applicable to modeling species distributions under climate change,
obtaining the data necessary to determine the relationship between a species and the
environmental variables constraining its distribution is difficult and time consuming
(Kearney & Porter 2009). Elith et al. (2010) suggested that, for invasive species whose
distributions are not strongly influenced by biotic factors, species distribution modeling
techniques (i.e. MaxEnt) can predict the distribution of a species given accurate
occurrence records and appropriate environmental data. However, ecological knowledge
about the system or species will increase the accuracy of the model construction and
interpretation.
Objective
The relationship between climate change and non-native species is complex. The
limited understanding of interactions between native and non-native species limit the
inferences that can be made about how these species will respond to novel environmental
conditions and biotic factors. Nonetheless, understanding how invasive species might
respond to climate change is crucial to the conservation of biodiversity and native
ecosystem functioning. Determining the future usefulness of biological control agents
currently effective against invasive plants is one way in which management decisions can
be guided. The objective for this research was to develop a basic understanding of how
the distributions of selected invasive plants and their associated BCAs might be altered

by climate change, and if the BCAs could remain potential control mechanisms for the
invasive plants in the future.
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METHODS
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Climate Data
Climate data representing current and future conditions were obtained from
WorldClim (http://worldclim.org) as interpolated climate surface layers with a 5 km by 5
km spatial resolution (Hijmans et al. 2005). Mean monthly minimum and maximum
temperature and mean monthly precipitation layers representing current climate data were
produced from the interpolation of global monthly climate data from 1950 to 2000. The
future climate data used were statistically downscaled using the delta method from the
Canadian Centre for Climate Modelling (CCCma) Coupled Global Climate Model
(CGCM3) using the IPCC Special Report on Emissions Scenarios (SRES) (CCCma
2007). For both of the future time frames considered in my analyses (2050 and 2080)
climate data for two emissions scenarios were used. The minimum emission scenario
(B2a) is based on the best possible future emissions outcome of low population growth
(10.4 billion by 2100), rapid technological and economic growth, and a high degree of
environmental protection. The maximum emission scenario is based on the predictions
of high population growth (15 billion by 2100), slow technological and economic
development, and a lower degree of environmental protection (CCCma 2007).
Species Data
I compiled a list of possible combinations of invasive plants and their associated
BCAs in North America from Coombs (2004) and Shelton (2010). Not all species
introduced to a system as a BCA are successful, so only those BCAs with established
populations in North America were considered. Any species with fewer than thirty

occurrence records was removed from the list of potential species due to model
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limitations.
Occurrence records for selected species were obtained from the Global
Biodiversity and Information Facility (http://www.GBIF.org). Additional occurrence
records for the BCAs were obtained from the Biological Collection Access Service
(http://www.biocase.org), the Encyclopedia of Life (http://eol.org), and Butterflies and
Moths of North America (http://www.butterfliesandmoths.org). Because only locality
descriptions were available from Butterflies and Moths of North America, BioGeomancer
was used to convert locality descriptions to latitude and longitude
(http://www.biogeomancer.org).
When modeling the distributions of non-native species, the use of occurrence
records from spatially discrete areas occupied by the species needs to be considered
carefully (Broennimann & Guisan 2008). The non-native species might exist under
different environmental conditions in their native and invasive distributions. Therefore,
if data from only the native or invasive distributions are used, then the entire fundamental
niche of the species might not be covered by the occurrence records and the predicted
distribution of the species is likely to underrepresent the actual fundamental geographic
extent (Broennimann et al. 2007). Other issues associated with projecting records from
one geographic location to another might arise if the predicted distribution is based on
biotic conditions that are present only in the one range of the species (Broennimann et al.
2007). For example, a species occurs in a particular habitat in its native distribution but,
in the area where it is invasive, the species might not occupy that habitat because of a

geographic barrier or competitive exclusion. Although BCAs are not invasive species,
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they do have spatially discrete native and introduced geographic areas. Therefore, the
same consideration used in determining the most accurate method for modelling the
invasive plant distributions was given to the BCAs.
To determine the most accurate method for modelling the distributions of the
invasive plant and BCA species selected, three test models were built, each using a
different set of occurrence data. The three occurrence datasets included data from the
native distribution, the invasive distribution, or both distributions. Because the goal of
this project was to assess the distributions of invasive plants and BCAs in North America,
the predicted North American distributions resulting from these test models were
compared to the occurrence records for each species from North America. The
performance of each test model was assessed based on how well the predicted
distribution overlapped with the North American occurrence records for each species.
Based on the results of these tests, the North American distributions of the
invasive plant species were best predicted when occurrence records from only the North
American distribution of the plants were used. Few occurrence records were available
from the North American distributions of the BCAs, and using only these records
probably would not have produced statistically significant models (Fig. 2). Therefore,
records from both the native and invasive distributions of the BCAs were used to build
the MaxEnt models. However, the records from the North American distributions of the
BCAs improved the predictive power of the models, so the species with the largest
number of records from North America were selected for analyses.

Species Distribution Modeling
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To measure the impact of distributional changes as a result of climate change on
interacting species, species distribution models were produced for each species at three
time periods: current, 2050, and 2080. For each of the future time periods, two
distribution models were created for each species, representing the minimum and
maximum emission scenarios.
Many techniques for species distribution modeling (SDM) exist, all of which
establish the relationship between the geographical records of species occurrences and
the values of the environmental variables at those locations (Franklin 2009). Elith et al.
(2006) compared species distribution modeling techniques, their assumptions and
outcomes relative to each other, and concluded that MaxEnt performed better relative to
other presence-only SDM techniques. MaxEnt, an implementation of maximum entropy
modelling, uses presence-only occurrence data and environmental, climatic, or habitat
data to predict the distributions of species based on their environmental tolerances
(Phillips et al. 2006). Presence-only data include occurrence records for a species and
make no reference to the areas in which a species was not found (Pearce & Boyce 2006).
These data are easy to obtain through museum or herbarium records and can be used to
produce accurate species distribution models, despite the lack of a comprehensive species
occurrence survey (Elith et al. 2006). Environmental, climatic, or habitat data include
factors thought to influence the occurrence of the species (Phillips et al. 2006). Based on
these data, MaxEnt produces a model which is used to predict the probability of the

species occurring in each grid cell of the environmental layers onto which the model is
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projected (Elith et al. 2011).
Thirty six climate variable layers were used in these analyses, which included
mean monthly maximum and minimum temperature and mean monthly precipitation.
Climate variables for the invasive plant models consisted of layers reduced from their
original global coverage to a spatial extent within North America (Fig. 3). Climate
variables for the BCA models needed to include data from the native (European) and
introduced (North American) regions. Using a Geographic Information System
(ArcMap, version 9.3), the layers containing the occurrence records were set to the same
spatial resolution and extent as the 36 climate layers. The values of the climate layers at
the geographic location of each occurrence record were then extracted. The resulting
layers contained the climate data associated with the geographic location of each
occurrence record. These layers were used to build the MaxEnt models (Fig. 4). For all
models, the equations were projected onto continuous climate data layers of current
conditions or projected future conditions for the minimum emission scenario in 2050 and
2080 and the maximum emission scenario in 2050 and 2080.
Each model was evaluated by cross-validation in which the data were randomly
divided into two groups of occurrence records which were used to build and test the
model. Training data were used to build the model which predicts species occurrence.
The performance of the model was measured by how well it predicted the occurrence of
testing data. This technique selected a percentage of occurrence records relative to the
overall sample size of the species to function as test data.
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Model performance was measured by errors of omission, which is a count of the
number of times the model predicted a species to be absent from areas where they are
known to occur. A receiver operating curve (ROC) was created for the error of omission
committed for each model (Fig. 5). These ROCs can be use to visualize model
performance with efficient models having a high area under the curve (AUC) for the test
data.
The model equation developed by MaxEnt produced a map with probability of
occurrence for the species modeled in each grid cell ranging from zero to one for the
species modeled (Phillips et al. 2006). To develop a distribution map, a threshold for
species occurrence (the lowest probability at which the species is predicted to occur) was
used to delineate areas where species probably did occur from those where it probably
did not occur. I used the balanced training omission and predicted area threshold value,
available from the MaxEnt output, because it allowed for more robust distribution maps.
For each species, 50 iterations of the model were created to reduce variation due to
differences in training and test data. The mean of the resulting probability maps was
calculated using ArcMap (version 9.3). The threshold value was calculated by finding
the mean of the reported balanced threshold values for each of the 50 iterations of each
species’ distribution model.
The effect of climate change on the distribution of each species was measured by
calculating the predicted area of distribution for each species from each of the five
models built (current, minimum 2050, minimum 2080, maximum 2050, maximum 2080).
The area was compared within species to determine how species distributions were
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predicted to change through time and according to different emission scenarios. Area of
overlap between the invasive species and their associated biological control agent also
was calculated for the predicted current distribution and those predicted for 2050 and
2080 under the minimum and the maximum emission scenarios. In all cases, the four
predicted future distributions were compared to the current distribution. Shifts in
distribution were calculated as percent change from current.

RESULTS
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The MaxEnt models produced for all species except the Klamath weed beetle
[Chrysolina quadrigemina (Suffrian, 1851); N = 47] performed better than expected by
chance at predicting the current distribution of the species (Tables 1 & 2). The projected
distributions generally predicted the known occurrence records for each species. The
change in area of overlap between distributions of invasive plants and their associated
BCAs varied between species and scenarios (Fig. 6).
Area of Individual Species
St. Johnswort (N = 1463) was predicted to experience an overall decrease in
distribution by 2080 under both emission scenarios. Under the minimum emission
scenario, the distribution of St. Johnswort was expected to increase 4.5% by 2050 and
decrease by 0.8% from its current distribution by 2080 (Table 3, Figs 7a-c & 8a). Under
the maximum emission scenario, the distribution of St. Johnswort was predicted to
increase by a greater amount (8.2%) by 2050, but to experience less of an overall decline,
with a predicted reduction of 0.4% from its current distribution by 2080 (Table 3, Figs 7a,
d, e & 8b).
Leafy spurge (Euphorbia esula Linnaeus, 1753; N = 1719) was the only invasive
plant modeled that was expected to increase in distribution by 2080 as a result of climate
change. The minimum emission scenario was expected to result in an initial
distributional area decrease of 4.6% by 2050. However, by 2080, the distribution was
expected to have increased by 0.49% from the current distribution (Table 3, Figs 9a-c &
10a). The maximum emission scenario was expected to produce a 2.3% increase in
distribution by 2050, and a 3.8% increase by 2080 (Table 3, Figs 9a, d, e & 10b).
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The decline of the distribution of yellow toadflax [Linaria vulgaris (Miller, 1768);
N = 1321] was expected to be greater than that of St. Johnswort by 2080 under both
emission scenarios. Under the minimum emission scenario, models predicted a 6.4%
decrease in distribution by 2050, and a 19% overall decrease by 2080 (Table 3, Figs 11ac & 12a). Under the maximum emission scenario yellow toadflax was expected to
maintain a larger distribution than under the minimum emission scenario. The
distribution was expected to increase 1.8% by 2050 and decrease 0.78% from the current
distribution by 2080 (Table 3, Figs 11a, d, e & 12b).
The MaxEnt models for the Klamath weed beetle built under both emission
scenarios predicted larger distributions by 2080. Under the minimum emission scenario,
the distribution was expected to increase 22% by 2050, but only be 15% larger than the
current distribution by 2080 (Table 4, Figs 13a-c & 14a). Under the maximum emission
scenario, the distribution was expected to decrease 2.6% by 2050, followed by an
increase leading to a distribution 33% larger than it is currently (Table 4, Figs 13a, d, e &
14b).
The leafy spurge hawk moth [Hyles euphorbiae (Linnaeus, 1758); N = 121] was
the only BCA expected to have a smaller distribution under both emission scenarios at all
future time frames. The two emission scenarios produced similar results. Under the
minimum emission scenario the distribution of the leafy spurge hawk moth was expected
to decrease 33% by 2050 and 36% by 2080 (Table 4, Figs 15a-c & 16a). The MaxEnt
models built using the maximum emission scenario data indicated a 36% decrease by
2050 and a 33% decrease by 2080 (Table 4, Figs 15a, d, e & 16b).

The toadflax moth [Calophasia lunula (Hufnagel, 1766); N = 810] had the
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smallest current distribution of all species considered and was predicted to increase by
the largest percentage. Under the minimum emission scenario, the distribution increased
59% by 2050. The increase was expected to be followed by a decline, with the 2080
distribution predicted to be 38% larger than it is currently (Table 4, Figs 17a-c & 18a).
Under the maximum emission scenario, the distribution was expected to increase 50% by
2050 and be 42% larger than the currently predicted distribution by 2080 (Table 4, Figs
17a, d, e & 18b).
Area of Overlap
The distributions of St. Johnswort and the Klamath weed beetle were expected to
experience an overall increase in area of distributional overlap from their current
distributions to those predicted for the future (Fig. 6). Under the minimum emission
scenario, the area of overlap between these species was expected to increase 28% by
2050 and 21 % by 2080 (Table 5, Figs 19a-c). The maximum emission scenario
predicted the area of overlap to increase 7.8 % by 2050 and 39% by 2080 (Table 5, Figs
19a, d & e).
An overall decline was predicted for the area of overlap between leafy spurge and
the leafy spurge hawk moth under both emission scenarios (Fig. 6). The minimum
emission scenario predicted a smaller area of distributional overlap, with decreases of
21% by 2050 and 15% by 2080 (Table 5, Figs 20a-c). Under the maximum emission
scenario the area of overlap between the species was expected to decline 18% by 2050
and 5.7 % by 2080 (Table 5, Figs 20a, d & e).
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Yellow toadflax and the toadflax moth were expected to have the largest increase
in area of distribution overlap by 2080 under both emission scenarios (Fig. 6). Under the
minimum emission scenario, the area of overlap between the distributions of these
species was expected to increase by 57% by 2050. By 2080, this was expected to
decline, but the area of overlap between the predicted distributions of these species was
still expected to be 2.8% higher than the area of overlap between their estimated current
distributions (Table 5, Figs 21a-c). The maximum emission scenario is predicted to lead
to a 57% increase in the area of overlap between the distributions of yellow toadflax and
the toadflax moth by 2050. The area of their overlap was predicted to decline from 2050
to 2080, but remain 48.5% larger than the current distribution (Table 5, Figs 21a, d & e).
Variable Contributions
The climatic factor that affected the MaxEnt models the most for St. Johnswort,
leafy spurge, and yellow toadflax was the mean maximum temperature in March. For St.
Johnswort, mean precipitation in March contributed the second most to the MaxEnt
models. The mean maximum March temperature and mean March precipitation
accounted for between 42 and 47% of the environmental contribution to the models for
this species. For leafy spurge and yellow toadflax, the variable that contributed the
second highest relative percent to the MaxEnt models was the mean maximum
temperature in October. For these two species, mean maximum March and October
temperatures together accounted for between 52 and 56% of the environmental
contribution to the MaxEnt models (Table 6).

The environmental factors contributing to the MaxEnt models built for the
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biological control agents were not consistent between species. Mean January
precipitation accounted for 30% of the contribution of environmental variables to the
MaxEnt models of the Klamath weed beetle for every time period and emission scenario.
Mean maximum February temperature accounted for 21% of the contribution of
environmental variables to the MaxEnt models for the leafy spurge hawk moth. Mean
minimum January temperature accounted for 29% of the contribution of environmental
variables to the MaxEnt models for the toadflax moth. The second greatest contributing
environmental factor also differed by species. Mean July precipitation (28%), mean
maximum September temperature (approximately 14%), and mean August precipitation
(20%) accounted for the second greatest contribution by environmental factors for the
Klamath weed beetle, leafy spurge hawk moth, and the toadflax moth, respectively
(Table 7).

DISCUSSION
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St. Johnswort and the Klamath weed beetle
St. Johnswort became established in the United States in the late 1700’s after
being transported there by European settlers (Piper 2004). The original distribution of
this species includes western Europe, northern Africa and parts of Asia (Huffaker &
Holloway 1949). Although it is widely distributed in North America, it is a major
concern in the northwest region of the United States (Piper 2004). This plant is an
aggressive competitor that reproduces by seed and laterally spreading roots (Vilà &
Maron 2003). It has the potential to outcompete native species and produce
monocultures in areas that are used for cattle grazing or as cropland. The leaves of St.
Johnswort produce oil that can cause mortality in livestock if consumed in large
quantities (Knox & Dodge 2006). This species negatively impacts the economy in
affected areas by lowering grazing capacity or crop yield. Based on the models created
with the current climate data, St. Johnswort had the smallest distribution of the three
invasive plants analyzed and, under both emission scenarios, it was predicted to have
smaller distributions in 2080 than it does currently (Table 3). The reduction in
distribution as a result of climate change, especially throughout the North American
midwest (Fig. 7e) and in patches along the southern boundary (Fig. 7), might lead to
areas of natural restoration, if native plants are able to recolonize affected areas.
The Klamath weed beetle has been a successful control mechanism for some
populations of St. Johnswort since it was first released in California in 1946 (Huffaker &
Kennett 1959). This beetle natively occurs in western Europe, ranging from northern

Africa to Denmark, but is most successful in areas with a Mediterranean climate (Piper
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2004). The Klamath weed beetle reduces populations of St. Johnswort by defoliating
plants in both its larval and adult stages. By reducing foliage, the Klamath weed beetle
decreases the overwinter or summer drought survival of St. Johnswort (Harris 1988).
Populations of the Klamath weed beetle currently exist along the Pacific coast and
throughout northwestern North America (Piper 2004). The introduction of the Klamath
weed beetle was successful in northern California (Huffaker & Kennett 1959). However,
in the northwest, the beetle is not controlling St. Johnswort (Piper 2004). The MaxEnt
models produced for the Klamath weed beetle are consistent with these findings, with the
majority of the distribution predicted in the northwestern region of North America.
Increases in the future distributions of the Klamath weed beetle were seen mostly as an
expansion of the predicted current distribution in the northwest (Fig. 13). The abiotic
conditions in these areas were projected to remain suitable for this BCA in the future
(Fig. 19), but how effective it is will depend on factors not considered in these models.
Additionally, under the minimum emission scenario there was an increase in the area of
suitable abiotic conditions in the central and eastern portions of North America,
indicating that these areas might be suitable for future introduction of this species as a
control mechanism (Fig. 19). However, the models for the Klamath weed beetle were not
significant, so these results should be interpreted with caution.
The example of Klamath weed beetle demonstrated the importance of applying
ecological knowledge about the system or species being modeled to the results of the
distribution models. The predicted distributions represented the areas with conditions the

species could survive. The distributions of the BCAs were likely to be constrained by
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their dependence on invasive plants. Furthermore, these species were likely to be
exposed to novel ecological interactions upon introduction, and the results of these
interactions are difficult to anticipate (Keane & Crawley 2002). MaxEnt models based
on occurrence records and environmental data provide a valuable contribution to
determining the future geographic distribution of a species. However, the application of
ecological knowledge about a species is essential for determining its ability to survive in
the predicted areas.
Leafy spurge and the leafy spurge hawk moth
Leafy spurge is native to Eurasia and was originally introduced in the United
States in 1823 (Britton 1921). Eradication of leafy spurge is made difficult by its deep
and extensive root system which allows the plants to survive chemical or mechanical
removal attempts (Dunn 1979). In North America, this species is widely distributed,
occurring from the east to the west coast and from southern Canada to Texas (Hansen et
al. 2004). The most severe infestations of leafy spurge are in areas of grassland, open
pastures and cropland throughout the northwest and midwest of the United States
(Hansen et al. 2004). Leafy spurge causes illness and possible mortality to some
livestock that consume it. Because it typically invades open areas and is difficult to
eradicate, it causes economic harm by reducing crop yield or grazing capacity (Lym &
Kirby 1987). It was expected to increase in distribution by 2080 under both emission
scenarios (Table 3). The distribution was predicted to remain widespread across North
America by all models (Fig. 9). Areas of distributional change occurred along the

southern and northern boundaries of the distribution, with a northward progression by
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2050 and 2080 under both emission scenarios (Fig. 10).
Larvae of the leafy spurge hawk moth defoliate leafy spurge (Batra 1983). Their
introduction into a stand of leafy spurge has not been shown to effectively control the
plant, but they do contribute to plant mortality and are, therefore, still pursued as
potential BCAs for this plant (Forwood & McCarty 1980). The leafy spurge hawk moth
was first introduced into Montana in 1966 (Hansen 2004). The areas most impacted by
leafy spurge include the northern regions of the midwest and western North America, and
the reduction in the distribution of the leafy spurge hawk moth was predicted to be most
pronounced in these regions (Fig. 15). While the distribution of the leafy spurge hawk
moth was expected to shift northward, the predicted absence of this species from those
areas most heavily impacted by invasions (e.g., from Minnesota to eastern Washington
and south to Nebraska) of leafy spurge indicated that future efforts of biological control
of leafy spurge would be more beneficial if focused on other species (Fig. 20).
Yellow toadflax and the toadflax moth
Yellow toadflax was originally introduced to North America for use as an
ornamental plant in the mid 1800’s and became invasive after escaping cultivation (Mack
2003). It is native to Eurasia and is currently found throughout North America, with
Idaho, Montana, Oregon, and Washington being the most heavily impacted (Pauchard et
al. 2003). This species is able to outcompete native and cultivated plants and is difficult
to eradicate because of the large quantity of seeds produced by each plant per year and
the establishment of seedlings in close proximity to the parent plant (Nadeau & King
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1991). The predicted reduction in the distribution of yellow toadflax under both emission
scenarios was most prominent along the northern and southern boundaries of the
distribution (Figs 11 & 12). The greatest decrease was predicted to occur in eastern and
central North America, where the southern boundary of the distribution recedes north to a
greater extent than on the west coast (Table 3, Figs 11a-c). There might be the potential
for future remediation efforts in the portion of North America that the plant might vacate.
The toadflax moth was introduced into areas of toadflax invasions multiple times
from 1960-1990 and is currently established in the areas with the greatest infestation by
yellow toadflax (Nowierski 2004). Once populations of this moth are established, it is a
successful control agent for yellow toadflax and reduces population density of the plant
(McClay & Hughes 1995). Its larval stage defoliates new growth of the plants (Jacobs &
Sing 2006). The results of the MaxEnt models for the toadflax moth were not consistent
with what is known about its current distribution. It has been introduced throughout the
northwestern United States and is established in Idaho, Montana, and Washington. Based
on the MaxEnt models, this moth was predicted to have larger distributions along the
eastern side of North America. This discrepancy might be due to incomplete sampling of
the current distribution of the yellow toadflax moth. Because MaxEnt models rely on
presence-only data, no inferences were made about where the species has the potential to
exist outside of the environmental conditions found in its current distribution.
The increased distribution of the toadflax moth in 2050 predicted by models built
using both emission scenarios was seen in the northward progression and expansion of
the eastern portion of the current distribution (Figs 17a, b, d). By 2080, the distribution

in eastern North America was expected to recede (Figs 17c & e). Because the MaxEnt
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models for the toadflax moth did not intersect locations where the species is known to
exist currently, projected models probably underestimate its potential geographic extent.
Despite this potential underestimation, the area of overlap between yellow toadflax and
the toadflax moth was expected to increase in the future under both emission scenarios
(Table 5, Fig. 21). Therefore, shifts in the distribution of the toadflax moth and yellow
toadflax could lead to expansions of regions where the toadflax moth might be an
effective control.
Variable contributions
Across a landscape, abiotic factors often occur as gradients, with areas in close
proximity having more similar environments than areas separated by greater distances.
Because of this spatial autocorrelation and the correlation between variables, it is difficult
to determine which factors most strongly affect the distribution of the species. However,
the general patterns of contribution by the environmental variables can be used as a
guideline of the factors influencing the distribution of each species.
Based on the results of the MaxEnt models for the invasive plants, the mean
monthly maximum temperature occurring at the beginning (March) and end (October) of
the growing season in North America contribute the most to the models of leafy spurge
and yellow toadflax. Mean monthly March precipitation contributed the second most to
the distribution models of St. Johnswort. This suggested the distributions of these species
were limited by the early growing season, when they could advantageously spread into
unoccupied habitat (Sakai et al. 2001). Leafy spurge and yellow toadflax also were

limited by the mean monthly maximum temperature in October, suggesting that
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distributions of these plants also were limited by length of the growing season. The
distributions of St. Johnswort were limited by the amount of precipitation in March,
which could also contribute to this plants’ ability to grow early in the season.
The models of the BCAs were most influenced by the mean monthly precipitation
in January and the mean monthly maximum temperature in February. These results
suggest that the distributions of arthropod BCAs are influenced by their ability to
overwinter (Joshi et al. 2009). The second highest variable contribution for the BCA
species was a factor in the summer months (mean monthly precipitation in July and
August and mean monthly maximum temperature in September). This might be caused
by a sensitivity of the arthropod species to extremes in summer conditions including
droughts, as these events might limit the number of generations a species can achieve in a
growing season.
Conclusion
Although they are both non-native species to North America, invasive plants and
BCAs differ greatly in their life histories. Given their broad environmental tolerance and
high reproductive and dispersal capability, invasive plants are thought to be well suited
for adapting to the dynamic landscapes created by a changing climate (Lockwood et al.
2007). Biological control agents are selected because they are specialists to minimize
potential impact on non-target species. BCAs typically have limited dispersal capabilities
and relatively small distributions (Brown 1995). Based on these differences, I predicted
that, as a result of climate change the distributions of invasive plants and BCAs would
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shift on different trajectories through time, with the result being a decrease in the overlap
between the species and a reduction of the effectiveness of the BCA.
Despite being habitat generalists, invasive plants showed a smaller percent change
over time than their associated biological control agents. However, the area of the
current predicted distribution of the invasive plants was larger than that of their
associated BCAs. Therefore, the relatively small changes in area could be an indication
that the distributions of the invasive plants are approaching equilibrium and that the
climate factors currently controlling geographic extent of their distributions will continue
to limit their spread in the future. The relatively larger change in the distributions of the
BCAs is probably indicative of their limited, human-mediated introductions and their
reliance on a host species. The MaxEnt models produced for the BCAs did not
incorporate the interaction with the invasive plant required for their survival in introduced
areas. The occurrence records used to build their distribution models inherently
contained data about this biotic interaction, because the BCAs would not have been
collected from areas where their invasive plants did not occur. However, the lack of data
about novel biotic interactions in the projected distributions of the BCAs would have
contributed to the relatively large increase in distribution area. For all combinations of
species, the invasive plants and BCAs maintain some level of overlap, suggesting that the
BCAs have the potential to control invasive plants in the future, regardless of emission
scenario.
The application of species distribution modeling to non-native species is one
important tool in the assessment of the impacts of climate change on native ecosystems.

Accurate species occurrence records are vital to the construction of accurate species
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distribution models, and the application of ecological knowledge to the results will yield
the most beneficial results. Results of non-native species distribution modeling should be
interpreted with caution and reviewed in light of what is known about the ecology of the
systems. When data and model results are carefully examined and interpreted, this
technique is an efficient method for determining the geographic extent of the future
potential for plant invasion and management by biological control agents.
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Table 1. Statistics for MaxEnt models of invasive plant species. Mean P-values and test
data AUC values were calculated from 50 iterations for each model. The
distributions of all species were predicted better by the models than expected by
chance (p < 0.001).

Linaria vulgaris

Euphorbia esula

Hypericum perforatum

Species

2080
2050
2080

B2a
A2a
A2a

2080
2050
2080

B2a
A2a
A2a

2050
2080
2050
2080

B2a
B2a
A2a
A2a

Current

2050

B2a

Current

2050

Current

Time Period

B2a

Emission Scenario

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

P-value

0.883

0.885

0.879

0.881

0.883

0.866

0.863

0.864

0.867

0.862

0.896

0.897

0.894

0.894

0.898

Test data AUC
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Table 2. Statistics for MaxEnt model of the species of biological control agent. Mean Pvalues and test data AUC values were calculated from the 50 iterations run for
each model. The distributions of Hyles euphorbiae and Calophasia lunula
were predicted by the models better than expected by chance (p < 0.001). The
models did not perform better than expected by chance at predicting the
distribution of Chrysolina quadrigemina (p > 0.05). The relatively small
sample size for this species might have been too low to produce significance
and could have contributed to model instability

Calophasia lunula

Hyles euphorbiae

Chrysolina quadrigemina

Species

2080
2050
2080

B2a
A2a
A2a

2080
2050
2080

B2a
A2a
A2a

2050
2080
2050
2080

B2a
B2a
A2a
A2a

Current

2050

B2a

Current

2050

Current

Time Period

B2a

Emission Scenario

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.485

0.458

0.478

0.478

0.504

P-value

0.858

0.857

0.859

0.859

0.860

0.890

0.914

0.905

0.905

0.908

0.947

0.874

0.875

0.876

0.875

Test data AUC
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Table 3. Area (km ) of the predicted North American distribution for each of the
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invasive plant species for each time period and emission scenario. Percent
change of the area of predicted future distributions was calculated relative to the
area of the current distribution. Negative values of percent change indicate a
decrease in area of distribution.

Linaria vulgaris

Euphorbia esula

Hypericum perforatum

Species

2080
2050
2080

B2a
A2a
A2a

2080
2050
2080

B2a
A2a
A2a

2050
2080
2050
2080

B2a
B2a
A2a
A2a

Current

2050

B2a

Current

2050

Current

Time Period

B2a

Emission Scenario

8399195

8617634

6881871

7924224

8465237

8366029

8240377

8097124

7683733

8057802

6919815

7491848

6870530

7235491

6922476

Area (km2)

-0.78

1.8

-19

-6.4

3.8

2.3

0.49

-4.6

-0.04

8.2

-0.75

4.5

% Change
(from Current)
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Table 4. Area (km ) of the predicted North American distribution for the biological
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control agents at each time period and under each emission scenario. Percent
change of the area of predicted future distributions was calculated relative to the
area of the current distribution. Negative values of percent change indicate a
decrease in area of distribution. Because of the relatively low sample size, the
models for Chrysolina quadrigemina were not significant and the results should
be interpreted with caution.

Calophasia lunula

Hyles euphorbiae

Chrysolina quadrigemina

Species

2080
2050
2080

B2a
A2a
A2a

2080
2050
2080

B2a
A2a
A2a

2050
2080
2050
2080

B2a
B2a
A2a
A2a

Current

2050

B2a

Current

2050

Current

Time Period

B2a

Emission Scenario

1803931

1902778

1754898

2020006

1272738

4583329

4340651

4329184

4541311

6794898

2928887

2141031

2528547

2671448

2198435

Area (km2)

42

50

38

59

-33

-36

-36

-33

33

-2.6

15

22

% Change
(from Current)

55

2

Table 5. Total area (km ) and percent change of area of overlap between each pair of

56

invasive plant and biological control agent (BCA). Percent change was
calculated as the change from the current area of overlap between the
distributions of the invasive plants and BCAs to those predicted for the future.
Negative values of percent change indicate a decrease in overlap area. Because
of the relatively low sample size, the models for Chrysolina quadrigemina were
not significant and the results should be interpreted with caution.

Linaria vulgaris and
Calophasia lunula

Euphorbia esula and
Hyles euphorbiae

Hypericum perforatum and
Chrysolina quadrigemina

Species

2080
2050
2080

B2a
A2a
A2a

21
7.8
39

2251520
2014549
2599255

2050
2080
2050
2080

B2a
B2a
A2a
A2a

57
2.8
57
48

1069660
1633722
1545059

1040572
Current

1639229

-5.7

3402626
2080

A2a

-18

2972338
2050

A2a

-15

2080

B2a

3060674

2050

B2a

-21

3609970

28

% Change in area
of overlap

2393541

1868170

Area of overlap
(km2)

2865319

Current

2050

Current

Time Period

B2a

Emission scenario

57

Table 6. The environmental variables with the five highest percent contributions to the

58

MaxEnt models of the invasive plants are listed for each species from the
greatest contribution (1) to the least (5). Percent contribution of the variables to
the model was determined by calculating the mean of the percent contribution
by each variable to the model in the 50 iterations of each model.
(tmax = mean monthly maximum temperature, tmin = mean monthly minimum
temperature, prec = mean monthly precipitation, 01 = January, 02 = February,
03 = March, 04 = April, 05 = May, 06 = June, 07 = July, 08 = August, 09 =
September, 10 = October, 11 = November, 12 = December)

Linaria vulgaris

Euphorbia esula

Hypericum perforatum

Species

2080
2050
2080

B2a
A2a
A2a

2080
2050
2080

B2a
A2a
A2a

2050
2080
2050
2080

B2a
B2a
A2a
A2a

Current

2050

B2a

Current

2050

Current

Time
period

B2a

Emission
Scenario

tmax09 8.5 tmax11 7.3 tmax04 5.8

tmax03 21 prec03 21

tmax11 11
tmax11 10

tmax03 33 tmax10 20
tmax03 39 tmax10 17

prec04 7.9 tmax01 6.9 tmax09 4.5
prec04 7.8 tmax01 6.1 tmin03 3.3

tmax03 38 tmax10 12
tmax03 38 tmax10 14

9

tmax01

tmax03 37 tmax10 11

prec04

7.6 tmax09 7.5

7.1 tmin11 6.6

tmax01 7.1

tmax03 28 tmax10 13

prec04

prec04 7.2 tmax01 6.4 tmin11 4.1

tmax03 39 tmax10 14

tmin04 5.2 tmax04 4.7

5

tmax11 5.3 tmax01 5.6 tmin03 3.9

tmax03 34 tmax10 20

tmax01 8.1 tmin11

tmax01 8.9 tmax11 8.1 tmin04 5.7

tmax03 34 tmax10 18

tmin04 5.4

tmax01 9.6 tmax11

tmax03 34 tmax10 19

6

tmax04 5.1 tmin11 4.8

4.7

tmax09 10

prec11

tmax03 23 prec03 20

tmax10 5.3

tmax09 12

tmax03 24 prec03 22

tmin03 5.7 tmax04 5.5

5

tmax09 9.9 tmin03 7.7 tmax04 5.6

9

4

tmax03 26 prec03 20

3
tmax09

2

tmax03 26 prec03 21

1
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Table 7. The environmental variables with the five highest relative percent contributions
to the MaxEnt models of the biological control agents are listed for each species
from the greatest contribution (1) to the least (5). Percent contribution of the
variables to the model was determined by calculating the mean of the percent
contribution by each variable to the model in the 50 iterations of each model
(tmax = mean monthly maximum temperature, tmin = mean monthly minimum
temperature, prec = mean monthly precipitation, 01 = January, 02 = February,
03 = March, 04 = April, 05 = May, 06 = June, 07 = July, 08 = August, 09 =
September, 10 = October, 11 = November, 12 = December)

Calophasia lunula

Hyles euphorbiae

Chrysolina quadrigemina

Species

2080
2050
2080

B2a
A2a
A2a
prec01

prec01

prec01

prec01

prec01

1

2080
2050
2080

B2a
A2a
A2a

2050
2080
2050
2080

B2a
B2a
A2a
A2a

Current

2050

B2a

29
29
29
29
29

tmin01
tmin01
tmin01
tmin01

21

tmax02
tmin01

21

21

21

21

30

30

30

30

30

tmax02

tmax02

tmax02

Current tmax02

2050

Current

Time
period

B2a

Emission
Scenario

28

28

28

28

28

prec08

prec08

prec08

prec08

prec08

20

20

20

20

20

tmax09 13

tmax09 14

tmax09 14

tmax09 14

tmax09 14

prec07

prec07

prec07

prec07

prec07

2

4

6

prec12 4.9

tmax04 5.5

prec03 2.1

prec03 2.1

prec03 2.1

prec03 2.1

prec03 2.1

5

tmax08 8.7 tmax11 7.8 tmax10 5.4

tmax08 8.5 tmax11 7.8 tmax10 5.5

tmax08 8.6 tmax11 7.9 tmax10 5.4

tmax08 8.7 tmax11 7.9 tmax10 5.4

tmax08 8.7 tmax11 7.7 tmax10 5.4

prec03 10.6 prec08 6.3 tmax04 5.7

prec03 10.7 prec08 6.1 tmax04 5.5

prec03 10.6 prec08 6.5 tmax04 5.4

prec03 10.5 prec08 6.3

prec03 10.2 prec08

tmin09 21.7 tmin08 2.7

tmin09 21.6 tmin08 2.7

tmin09 21.7 tmin08 2.7

tmin09 21.7 tmin08 2.7

tmin09 21.7 tmin08 2.7

3
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Figure 1. Each of the invasion stages acts as a barrier, reducing the number of species

62

that can survive to the next stage or become invasive in their non-native habitat
(adapted from Lockwood et al. 2007).
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Figure 2. When modeling species with spatially distinct ranges (i.e., native and non-

64

native distributions), selection of background points can have a major effect on
the results. Test models were done to determine the most efficient method for
modeling the distributions of invasive plants and their associated biological
control agents. This example shows the models produced for Calophasia
lunula using only occurrence records from the native distribution (a), the
invasive distribution (b) and a combination of both (c). Shaded areas indicate
the predicted distribution. Green dots represent the occurrence records of C.
lunula in North America. Model performance was based on the ability of the
model to predict the North American occurrence records of each species and
overall model significance.
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Figure 3. Example of the climate variables used for modeling the distributions of the

68

invasive plants in North America. Each model was based on 36 total similar
layers with values for mean monthly maximum (tmax; °C*10) and minimum
(tmin; °C*10) temperature and mean monthly precipitation (prec; mm). In this
example, darker areas indicate colder temperatures and lighter areas indicate
warmer temperatures. Climate layers had a 5X5 km spatial resolution.
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70
Figure 4. Example of the method for sampling the 36 climatic variables used in building
the MaxEnt models. Red dots represent occurrence records of Calophasia
lunula. Green dots represent randomly generated points where climate data
layers were sampled. The layers containing the occurrence records and
randomly sampled points were set to the same spatial resolution and extent as
the climate layers. The value of the climate layers at the geographic location of
each dot was then extracted. The resulting layers of occurrence records and
background points were used to build the MaxEnt models.

71

Figure 5. Example of a receiver operating curve (ROC) for the errors of omission. An

72

ROC graph was created for every iteration of each of the MaxEnt models.
ROC graphs are used to interpret the results of the model by visualizing the
number of times the model predicted a species to be absent from an area where
they are known to occur. Errors of omission on test samples (teal line) below
the predicted omission (black line) indicate good model performance.

73

I

0
0

0

a,

0
00

....
0

,::,

co
,., ,:;

"'
I!!

"'~ ~

=

0"'

"' >

~-l'- \l/I
_v

0

0

0

an1eA IBUO!PBJ~

...o E

:'i
::,

()

0

M

0

"'
0

..,

0

I

0

74
Figure 6. Change in the area of overlap between distributions of invasive plants and their
associated biological control agents (BCAs) measured as percent change from
the predicted current distribution. Points falling below the x-axis are negative
and indicate a decrease in the area of overlap between distributions. Models
for Chrysolina quadrigemina were not significant so results should be
interpreted cautiously.
Legend abbreviations: Hp = Hypericum perforatum, Cq = Chrysolina
quadrigemina, Ee = Euphorbia esula, He = Hyles euphorbiae, Lv = Linaria
vulgaris, Cl = Calophasia lunula, B2a = Minimum emission scenario,
A2a = Maximum emission scenario
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Figure 7. Distribution maps for Hypericum perforatum at its current distribution (a), its
predicted distributions under the minimum emission scenario in 2050 (b) and
2080 (c), and its predicted distribution under the maximum emission scenario
in 2050 (d) and 2080 (e). The maximum emission scenario is expected to
allow H. perforatum to increase in distribution by 2050 (d), then decrease, with
the central portion of its distribution being reduced (e). Shaded areas indicate
the predicted distributions.
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2080 distributions
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Figure 8. Distribution map for Hypericum perforatum showing the increase in
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distribution size from the current distribution to those predicted in 2050 and
2080 under the minimum emission scenario (a) and the maximum emission
scenario (b). As these maps indicate, the maximum emission scenario is
expected to lead to a greater increase in distribution of H. perforatum by 2050
than the minimum emission scenario. The maximum emission scenario would
cause a greater northward shift of future distributions of H. perforatum than
would the minimum emission scenario.
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2050 distributions
2080 distributions
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Figure 9. Distribution maps for Euphorbia esula at its current distribution (a), its
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predicted distributions under the minimum emission scenario in 2050 (b) and
2080 (c), and its predicted distribution under the maximum emission scenario
in 2050 (d) and 2080 (e). Shaded areas indicate the predicted distributions.
The maximum emission scenario is expected to cause a greater increase in the
future distributions of E. esula than the minimum emission scenario.
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Figure 10. Distribution map for Euphorbia esula showing the change in size and location
from the current distribution to those predicted in 2050 and 2080 under the
minimum emission scenario (a) and the maximum emission scenario (b). The
maximum emission scenario is expected to lead to a greater increase in
distribution of E. esula by 2050 than the minimum emission scenario. The
maximum emission scenario is also expected to cause a greater northward
shift of future distributions of E. esula than would the minimum emission
scenario.
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2050 distributions
2080 distributions
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Figure 11. Distribution maps for Linaria vulgaris showing its current distribution (a), its
predicted distributions under the minimum emission scenario in 2050 (b) and
2080 (c), and its predicted distribution under the maximum emission scenario
in 2050 (d) and 2080 (e). Shaded areas indicate the predicted distributions.
Of the three invasive plant species analyzed, L. vulgaris is the only one that is
predicted to decrease in distribution by 2080 under both emission scenarios.
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Figure 12. Distribution map for Linaria vulgaris showing the change in size and location
from the current distribution to those predicted in 2050 and 2080 under the
minimum emission scenario (a) and the maximum emission scenario (b).
Under the minimum emission scenario, the distribution is expected to
decrease 19% from its current area. The distribution is expected to reduce
from its boundaries inward. Therefore, the 2080 distribution is obscured by
the current and 2050 distributions (a).
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Figure 13. Distribution maps for Chrysolina quadrigemina showing its current

103

distribution (a), its predicted distributions under the minimum emission
scenario in 2050 (b) and 2080 (c), and its predicted distribution under the
maximum emission scenario in 2050 (d) and 2080 (e). Shaded areas indicate
the predicted distributions. Under both emission scenarios, the distribution of
C. quadrigemina is expected to increase. However, relatively low sample size
might have contributed to the models of C. quadrigemina not performing
significantly better than expected by chance, which might have impacted
accuracy of calculations of distributional area.
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Figure 14. Distribution map for Chrysolina quadrigemina showing the change in size
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and location from the current distribution to those predicted in 2050 and 2080
under the minimum emission scenario (a) and the maximum emission scenario
(b). Under the minimum emission scenario, the distribution is expected to
increase by 2050 followed by a decrease, obscuring the 2080 distribution.
Under the maximum emission scenario, the opposite trend is seen, with the
distribution decreasing by 2050 and increasing by 2080. However, relatively
low sample size might have contributed to the models of C. quadrigemina not
performing significantly better than expected by chance, which might have
impacted accuracy of calculations of distributional area.
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Figure 15. Distribution maps for Hyles euphorbiae showing its current distribution (a),
its predicted distributions under the minimum emission scenario in 2050 (b)
and 2080 (c), and its predicted distribution under the maximum emission
scenario in 2050 (d) and 2080 (e). Shaded areas indicate the predicted
distributions. The distribution of H. euphorbiae is predicted to decrease under
both emission scenarios.
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Figure 16. Distribution map for Hyles euphorbiae showing the change in size and
location from the current distribution to those predicted in 2050 and 2080
under the minimum emission scenario (a) and the maximum emission
scenario (b). Both emission scenarios are expected to lead to a decrease in
distribution and a northward shift of the distribution.
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Figure 17. Distribution maps for Calophasia lunula showing its current distribution (a),
its predicted distribution under the minimum emission scenario in 2050 (b)
and 2080 (c), and its predicted distribution under the maximum emission
scenario in 2050 (d) and 2080 (e). Shaded areas indicate the predicted
distributions. Of the three species of biological control agent, C. lunula has
the smallest current distribution and is expected to have the largest increases
in area of distribution under both emission scenarios.
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Figure 18. Distribution map for Calophasia lunula showing the change in size and
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location from the current distribution to those predicted in 2050 and 2080
under the minimum emission scenario (a) and the maximum emission scenario
(b). Under both emission scenarios, the distribution of C. lunula is expected
to be the largest in 2050, followed by a decline and smaller distribution by
2080.
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Figure 19. Distribution maps showing the area of overlap between Hypericum

130

perforatum and Chrysolina quadrigemina at their current distributions (a),
under the minimum emission scenario in 2050 (b) and 2080 (c) and under the
maximum emission scenario in 2050 (d) and 2080 (e). Distributions of the
biological control agents (shades of purple) have been made transparent to
show the areas of overlap. For both emission scenarios, the area of overlap
between H. perforatum and C. quadrigemina is expected to increase over
time. However, models of C. quadrigemina were not significant so results
should be interpreted carefully.
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Figure 20. Distribution maps showing the area of overlap between Euphorbia esula and
Hyles euphorbiae at their current distributions (a), under the minimum
emission scenario in 2050 (b) and 2080 (c) and under the maximum emission
scenario in 2050 (d) and 2080 (e). Distributions of the biological control
agents (shades of purple) have been made transparent to show the areas of
overlap. For both emission scenarios, the area of overlap between E. esula
and H. euphorbiae is expected to decrease over time.
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Figure 21. Distribution maps showing the area of overlap between Linaria vulgaris and
Calophasia lunula at their current distributions (a), under the minimum
emission scenario in 2050 (b) and 2080 (c) and under the maximum emission
scenario in 2050 (d) and 2080 (e). Distributions of the biological control
agents (shades of purple) have been made transparent to show the areas of
overlap. Both emission scenarios are expected to lead to an increase in area
of overlap between these species by 2050 followed with a decline in area of
overlap by 2080.
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